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Abstract―This paper presents a hybrid detection method 
and classification Technique based on Hilbert-Huang Transform 
(HHT) and Feed Forward Neural Networks (FFNNs) to improve 
the efficient delivery and ensure accurate detection of quality 
disturbances in the electrical power grids. First, quantities 
characteristics of power quality disturbances (PQDs) are 
introduced according its parametrical conditions. Thereafter, a 
detection and recognition algorithm is used for single and 
multiple disturbances. Then, a decomposition process and 
features extraction using Empirical Mode Decompensation 
(EMD) is conducted for each of these distorted waveforms into 
Intrinsic Mode Functions (IMFs). Finally, these features are 
constructed using signal amplitude and frequency and then after 
fed to one of the powerful Artificial Intelligence Techniques in 
this field for training, evaluating and testing using (FFNNs) 
classifier to verify and confirm the effectiveness of the detection 
methodology. 
Index Terms— Power Quality, Artificial Intelligence, 
Classification, Hilbert-Huang Transform (HHT), Feed Forward 
Neural Networks (FFNNs). 
 
I. INTRODUCTION 
Power quality (PQ) has taken an important role in for 
electric power utilities and its customers specially power 
quality disturbances due to the significant increase in 
nonlinear load. Such problems have become one of the major 
challenges for engineers and decisions makers where these 
events are responsible for a large economical loss to power 
utilities. 
Fourier Transform (FT) is the common method used in 
definitions of power quantities in IEEE standard 1459-
2010[1]. FT is implemented to analysis power quality events 
by extracting voltage spectrum at fixed frequencies [2] which 
is adequate to steady state analysis but not able to handle 
distorted waveforms as in [3]. A derivative of Fourier 
Transform named Fast Fourier Transform (FFT) is also 
widely used to power quality analysis where it is considered 
as time domain version as in [4] but, not suitable to get 
amplitude and frequency due to leakage as defined in [5]. 
Another variant of FT is short time Fourier transform (STFT) 
which divides power signals into small parts where each 
division can be presumed as stationary signal [6]. However, it 
is difficult for non-stationary waveforms to be analysed based 
on STFT as mentioned in [7]. 
Wavelet Transform (WT) is also a powerful algorithm used 
in the field of measuring and analysing power quality issues 
in which it can represent power signals in time and frequency 
domain and offers decomposition ability to power signals [8]. 
WT is categorised into three main branches; continuous 
wavelet transform (CWT) as in [9], stationary wavelet 
transform (SWT) as in [10] and discrete wavelet transform 
(DWT). In [11] , Authors applied WT to quantify and localize 
short duration of power quality disturbances. Discrete wavelet 
transform (DWT) shows its ability to decompose the 10 
signals of non-stationary power quality disturbances into 8 
different levels of resolution with features extracted in time 
domain as shown in [12]. It gets more complex where authors 
in [13] introduced a hybrid method of detection disturbances 
based on DWT and S-transform. However, it still important to 
choose a suitable wavelet branch where the computational 
cost increase with the increase in the filter length. 
Hilbert-Huang Transform (HHT) is a recent and advance 
signal analysis algorithm which is designed for non-stationary 
signals when time is important. It decomposes the signal into 
a fixed number of Intrinsic Mode Functions (IMFs). This type 
of process is called Empirical Mode Decompensation (EMD) 
which is able provide the user with the amplitudes and 
frequencies. It is been involved on few cases of power quality 
issues recently [14]. IMFs are stored from the highest 
frequency to the lowest one using the EMD decomposing 
method. Hilbert-Huang Transform has a important role by 
giving the instantaneous amplitude and frequency for each 
IMF [15]. 
Artificial intelligence (AIs) Techniques can be described as 
the automation of human thinking activities such learning, 
problem solving, estimation and decision making. AIs 
Techniques are required in the classification of power quality 
analysis. It has proven its importance and ability to classify 
power signal disturbances and handle data extracted from 
detection and measuring algorithms [16]. 
Classifiers based on artificial neural networks (ANNs) are 
used widely in power systems applications [17]. It shows its 




differentiate between features extracted through pattern 
recognition [18]. An approach of classifying real time data for 
power quality events is presented in [19]. In [20], Authors 
proposed quantum neural networks (QNN) as classification 
system. With three hidden layers, Authors presented a robust 
ANNs classifier for data extracted of power quality events in 
smart grids based on DWT algorithm as in [21].  
Fuzzy expert system has a significant participation in the 
field of power quality. Originally, it evaluates information 
delivered by linguistic values inputs. It has been involved to 
identify disturbances based on wavelet transform as in [22]. It 
is also joined to classify these events with FFT as conducted 
in [23]. 
Neuro-fuzzy Classification systems have the advantage to 
resolve conflicts by aggregation where it has self-learning 
capability among fast computation processes [24]. In terms of 
power quality analysis, Neuro-fuzzy technique is 
implemented as classifier for disturbances with their features 
extracted as in [25]. 
 A support vector machine (SVM) classification system is 
developed by Vapnik [26]. The theory is based on the 
supervised statistical learning which can be used effectively 
for classification purposes.  An approach on identifying 
voltage disturbances is carried out using SVM classifier [27]. 
SVMs is also has recently a role in the characterization of 
power quality events as proved in [28]. 
 
 Fig. 1. Flowchart of the detection method and classification Technique 
II. HILBERT-HUANG TRANSFORM 
  Hilbert-Huang Transform (HHT) is a recent signal 
processing algorithm and an effective time frequency method 
for analysing and detecting the non-stationary signals which 
contains a powerful feature extraction processer called 
empirical mode decomposition (EMD).  
EMD procedure is able to decompose a non-stationary 
signal in time domain into an array of sub-signals. Depending 
on their frequency, these extracted sub-signals are named 
intrinsic mode functions (IMFs). The highest frequency 
component of the extracted signal comes as the first IMF 
where the lowest frequency component comes as the lower 
one [29]. The sum of IMFs is equal to the original distorted 
signal as mathematically explained in [30] which can be 
represented as: 
 
𝑥 (𝑡 ) =  ∑ 𝐶𝑖 + 𝑟𝑛
𝑛
𝑗=1    (1) 
 
whereas cj represents IMFs from  j = 1 to n. then it can be 
seen that HHT is defining the disturbance signal from real 
signal to analytical signal as: 
 






   (2) 
 
where x(t) convolutes with 1/t. then, the IMF can be obtained 
from the HHT analytical signal as: 
 
𝑧(𝑡) = 𝑥(𝑡) + 𝑖𝑦(𝑡) = 𝑎(𝑡)𝑒𝑖𝜃(𝑡)   (3) 
 
where 𝑎(𝑡) represents the amplitude and 𝜃(𝑡) represents the 
phase and they are specified as: 
 
𝑎(𝑡) = √𝑥2(𝑡) + 𝑦2(𝑡)   (4) 
 
𝜃(𝑡) = 𝑎𝑟𝑐𝑡𝑎𝑛 (𝑦(𝑡) 𝑥(𝑡)⁄ )  (5) 
 





    (6) 
 
As a result, components of time dependent for amplitude and 
frequency are extracted for every IMF in HHT. But when it 
comes to Time frequency Domain, then the amplitude can 
take the formula: 
 
𝐻(𝜔, 𝑡 ) = 𝑟𝑒𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 ∑ 𝑎(𝑡)𝑒𝑖𝜃(𝑡)   𝑛𝑖=1  (7) 
 
Finally, The signal spectrum which delivers the value of the 
total amplitude participation from each frequency and time 
domain and resulted as: 
 
ℎ (ω, 𝑡 ) = ∫ 𝐻(𝜔, 𝑡 )𝑑𝑡
T
0
   (8) 
 
where T is the signal information length which is provided by 
the instantaneous amplitude and instantaneous frequency. 
Each instantaneous amplitude figure is the representative of a 
specific frequency magnitude with time variation from 0 to 




III. DETECTION ALGORITHM 
At this stage, it is important to describe power quality 
disturbances precisely. To achieve that, several standards are 
developed to characterise these events such as IEEE 1159 
standard [31] which describes electromagnetic phenomena, 
normal operating conditions and variation parameters for 
voltage, current, power and load supply in electrical power 
systems. Nevertheless, the European standard EN 50160 
specifies thresholds of root mean square (RMS) 
measurements for voltages and currents when disturbances 
occur [32]. Finally, ISO standard IEC 61000-4-30 shows 
methods of reliability in terms of measuring electrical 
quantities in power systems [33].  
In this work, ten power quality disturbances are generated 
according the standards above especially IEEE 1159. These 
disturbances are (sag, swell, harmonics, interruption, flicker, 
high frequency transient, low frequency transient, sag with 
harmonics and swell with harmonics). Moreover, the 
generation stage is implemented successfully for single and 
multiple events with its parametric limits in Table I. The 
outputs as shown in Figure 2 of this stage are repeated 




SIGNAL MODELLING OF POWER QUALITY DISTURBANCES 
 
PQ Disturbances Class Symbol Mathematical Models Parameters 
Pure Sine C 01 𝑓(𝑡) = 𝐴 sin(𝜔𝑡) A=1.0    f=50 Hz, ω = 2π 50 rad/ sec 
Sag C 02 𝑓(𝑡) = 𝐴(1 − 𝛼(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))) sin(𝜔𝑡) 0.1 < 𝛼 < 0.9  ,   T ≤ t2 − t1 ≤ 9T 
Swell C 03 𝑓(𝑡) = 𝐴(1 + 𝛼(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))) sin(𝜔𝑡) 0.1 < 𝛼 < 0.8  ,  T ≤ t2 − t1 ≤ 9T 
Harmonics C 04 𝑓(𝑡) = 𝐴(𝛼1sin(𝜔𝑡) + 𝛼3 sin(3𝜔𝑡) + 𝛼5 sin(5𝜔𝑡) 0.05 ≤  𝛼3 , 𝛼5, 𝛼7  ≤  0.15, ∑ 𝛼𝑖
2 = 1 
Interruption C 05 𝑓(𝑡) = 𝐴(1 − 𝛼(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))) sin(𝜔𝑡) 0.9 < 𝛼 < 1.0  , T ≤ t2 − t1 ≤ 9T 
Flicker C 06 𝑓(𝑡) = 𝐴 + 𝛼 𝑓 sin(𝜔𝑡) (1 + 𝛽 sin(𝛾𝜔𝑡)) 0.1 ≤ 𝛽 ≤ 0.2 ,  0.1 ≤ 𝛾 ≤ 0.2 
High frequency transient C 07 𝑓(𝑡) = 𝐴 (sin(𝜔𝑡) + α𝑒−𝑡/𝜆 sin(𝑏𝜔𝑡)) 
20 ≤ 𝑏 ≤ 80 , 0.1 ≤ 𝜆 ≤ 0.2 , 
0.1 ≤ α ≤ 0.9 , T ≤ t2 − t1 ≤ 3T, 
 1500 𝐻𝑧 < 𝑓𝑛 < 2000 𝐻𝑧 
Low frequency transient C 08 𝑓(𝑡) = 𝐴 sin(𝜔𝑡) + α𝑒−𝑡/𝜆 sin(𝑏𝜔𝑡)) 
5 ≤ 𝑏 ≤ 20 , 0.1 ≤ 𝜆 ≤ 0.2 , 
0.1 ≤ α ≤ 0.9 , T ≤ t2 − t1 ≤ 9T ,  
300 𝐻𝑧 < 𝑓𝑛 < 1000 𝐻𝑧 
Sag with harmonics C 09 
𝑓(𝑡) = 𝐴(1 − 𝛼(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))) 
            (sin(𝜔𝑡) + 𝛼3 sin(3𝜔𝑡) + 𝛼5 sin(5𝜔𝑡))) 
0.1 < 𝛼 < 0.9 , 0.05 < 𝛼3 < 0.15 , 0.05 < 𝛼5 <
0.15 , T ≤ t2 − t1 ≤ 9T , ∑ 𝛼𝑖
2 = 1 
Swell with harmonics C 10 
𝑓(𝑡) = 𝐴(1 + 𝛼(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))) 
           (sin(𝜔𝑡) + 𝛼3 sin(3𝜔𝑡) + 𝛼5 sin(5𝜔𝑡))) 
0.1 < 𝛼 < 0.8 , 0.05 < 𝛼3 < 0.15 , 0.05 < 𝛼5 <
0.15 , T ≤ t2 − t1 ≤ 9T , ∑ 𝛼𝑖
2 = 1 
 
IV. FEATURES EXTRACTION 
In this section, each distorted waveform is decomposed into 
8-level of intrinsic mode functions IMFs with the assist of 
EMD ability. This strategy is based upon the energy of each 
disturbance generated. The key factors in this stage are the 
instantaneous amplitude and the instantaneous frequency 
which obtained and extracted from the original distorted 
power signal and calculated in groups for targeted 
disturbances. IMFs of these disturbances are detailed in 
Figures 2 to 11 where each disturbance has a unique IMF to 
be represented as fingerprint which is very important of 
classification stage taking into account that these disturbances 










Fig. 3.  Waveforms of power quality disturbances 
 
 




Fig. 6. IMFs for Swell signal               Fig. 4. IMFs for Harmonic signal 
 
Fig. 6. IMFs for Interruption signal    Fig. 7. IMFs for Flicker signal 
Fig. 8. IMFs High Frequency Transient Fig. 9 IMFs low Frequency Transient  




V. CLASSIFICATION SYSTEM TECHNIQUE 
In order to evaluate and exam the detection method, a 
classification system Technique is needed. In this study, Feed 
Forward Neural Networks (FFNNs) classifier is constructed 
to promote this stage which has an architecture outlined in 
Figure 12. A Synthetic database of features extracted for 
seven PQDs is trained where each one of these events has its 
own neural. 
Network learning is the key factor of Als system. 
Therefore, the results of these features are fed to FFNNs as 
inputs and learning procedure is promoted to solve issues 
attached to database and then solve other learned results. The 
role of FFNNs is based on multiplying inputs with their 
weights. Then, results are calculated by mathematical process 
to find the activation kays of the neural. 
In this study, three parts of training are conducted for data 
collected. First, features of these disturbances are fed to 
FFNNs according to which pattern recognition as inputs for 
training. Secondly, data matrix validation part which is done 
by measuring the network efficiency. Final part is testing the 






Figure 12. Architecture of FFNNs. 
 
VI. RESULTS AND DISCUSSION 
Signals of ten cases of most common single and multiple 
power quality disturbances were generated randomly which 
covered any possibility of such phenomena in electrical 
power systems. These signals are then detected successfully 
by Hilbert-Huang transform (HHT) which is one of the latest 
and effective methods in the field of signal processing 
algorithms. A detailed 8-level of decomposition procedure 
based on EMD is done for each of these events which have 
information required such as energy components, 
instantaneous amplitude and instantaneous frequency.  
Training of FFNNs for inputs database based on extracted 
features for distorted signals is built up from 40 random 
variables. Testing of hidden layers of FFNNs classifier is 
done by one, two and three hidden layers from 5 to 50 
neurons to ensure accuracy and find the best performance of 
the classifier and better topology in this field. Results of three 
hidden layers according to the topology [7:15:30:15:7] shows 
the best accuracy as detailed in Table II as well as the overall 
accuracy for FFNNs classifier as shown in table II. 
 
TABLE II 
CLASSIFICATION ACCURACY OF FFNNS WITH THREE HIDDEN LAYERS 
 
Neural Power Quality Disturbances 
Accuracy Rate 
(%) 
C 01 Pure Sine 99.00% 
C 02 Sag 96.60% 
C 03 Swell 98.90% 
C 04 interruption 98.40% 
C 05 flicker 100.00% 
C 06 high frequency transient 97.10% 
C 07 low frequency transient 97.40% 
 Overall Accuracy 98.20% 
  
VII. CONCLUSIONS 
This paper presents an approach of a hybrid detection and 
classification approach based on HHT and FFNNs classifier 
for power quality disturbances in single and multiple 
situations. In this work, it has been proved that HHT is able to 
overcome other transforms limitation especially Fourier 
transform with non-stationary waveforms which stated in this 
paper. Thereafter, Features of these disturbances are extracted 
to 8 levels scenarios of Intrinsic Mode Functions IMFs and 
based on EMD and a calculation of energy values is done for 
each disturbance based in its instantaneous amplitude and 
instantaneous frequency. 
FFNNs Classifier is applied for database of a random PQDs 
signals generated. Results of these data are then analysed, 
trained and tested to evaluate the accuracy of the detection 
method and classification Technique. As a result, the overall 
accuracy of the FFNNs classifier indicates more than 98% of 
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